Many asset pricing models require an annualised risk coefficient which is determined by the linear rescaling of the variance from other time intervals. However, this approach may not be appropriate for dependent time series. This paper investigates the scaling relationships for daily credit spreads, from January 1986 to May 1998, between AAA, AA and A rated Australian dollar denominated Eurobonds with maturities of 2, 5, 7 and 10 years. We find evidence of a term structure and co-movement in credit spreads by maturity. We also find the credit spread return series were time variant, leptokurtic, autocorrelated and exhibited different degrees of negative long-term dependence. The series all displayed similar scaling properties with the estimated standard deviation, based upon a scaling at the square root of time, significantly underestimating the actual level of risk predicted from a normal distribution. These results have implications for credit spread derivatives.
I. Introduction
Simple market valuation models generally assume normality in the returns of financial time series and require an annualised risk coefficient which is calculated by the linear rescaling of the risk from other time periods 3 . Holton (1992) and Estrada (1997) , using the standard deviation of returns as the proxy for risk, demonstrated that when asset prices did not follow a random walk, annualising risk by the square root of time would either overestimate or underestimate the true level of risk associated with an investment. The implication of this result for investors was that investment risk would vary with the time horizon used to annualise the risk and could lead to incorrect pricing decisions.
This paper extends this area of research by investigating the distributional qualities and scaling relationships of credit spreads, which represent credit risk premiums, between the yields on different risk and maturity classes of bonds. These spreads underpin the valuation of a new class of financial instrument referred to as a credit derivative. Credit derivatives encompass a number of instruments that either synthetically replicate the credit features of a loan agreement, or emulate the behaviour of a put option on credit sensitive assets. The correct valuation of the option component of these derivatives, where volatility is a significant input, is the major contribution of this analysis.
For credit spread traders and sellers of credit spread options, it is important to determine both the distributional qualities of the data and its underlying process generating the data, to ensure pricing decisions are made correctly. Of particular concern is the distribution of interday returns and its four moments, since most market valuation models (e.g. simple option pricing models) assume the distributions are normal. To provide an insight into these pricing issues, we investigate the behaviour of fixed rate yield spreads, representing credit risk premiums, between different risk classes of aggregated Australian dollar denominated Eurobonds. For simplicity this investigation excluded bonds with embedded options such as callable, puttable or convertible bonds. These aggregated risk classes serve as the benchmark necessary for credit-spread trading in its various forms and are equivalent to existing benchmarks such as LIBOR (London Interbank Offer Rate) for floating rate 3 Non-normality has been a feature of many financial time series, with Hodrick (1987) providing a review of research into the distribution of currency yields. Evidence of non-normality in the distributions of daily and weekly yields for spot and forward currencies includes that by Westerfield (1977) , McFarland, Pettit and Sung (1982) and Hsieh (1985) .
securities. Some authors, including Audley, Chin and Ramamurthy (1997) 4 provide average yield spreads between credit risk classes, however this analysis will also provide the moments of the distributions, their correlation relationships, evidence of normality and volatility scaling relationships.
Specifically, we investigate the daily credit spreads on Australian dollar denominated Eurobonds which were rated AAA, AA and A 5 for four different maturities (2, 5, 7 and 10 years) from the 2 January 1995 to the 31 August 1998. Then, the volatility of these spreads was scaled at 4 different time periods for 5 days (weekly), 12 days (fortnightly), 22 days (monthly) and 252 days (annually), to determine whether scaling the risk was appropriate
given the distributional qualities of the underlying time series data. We shall demonstrate that this key assumption was inappropriate since the credit spread series displayed negative dependence in its lag structure.
Statistical long-term dependence has particular implications for modelling the behaviour of financial market asset prices. Modelled as Brownian or fractional Brownian line-to-line functions, the principle of scale invariance suggests an observable relationship between asset yields across different time frequencies. Long-term dependence in time-series data may be measured using statistical techniques based on range analysis (Hurst, 1951; Lo, 1991) , spectral regression (Geweke and Porter-Hudak, 1983) and maximum likelihood techniques (Hosking, 1984) . While each method presents its own benefits and problems, a particular feature of range analysis is the theoretical similarity of the method to the principles underlying linear rescaling.
Estimates of dependence using the classical rescaled adjusted range technique of Hurst (1951) yield an exponent (H) with a value equivalent to the linear scaling factor. Under the assumptions that the series under observation follows a Gaussian random walk, the value of both this exponent and the scaling factor is H = 0.5. The failure to identify long-term dependent effects also provides support for the proposition that the time series conformed to 4 The major ratings agencies (e.g. Moody's Investor Services and Standard & Poors) also provide this information.
5 Bond credit rating agencies categorise corporate bond issuers into nine major classes according to perceived credit quality. These ratings classes include investment grade issuers: AAA, AA, A and BBB, and noninvestment grades: BB, B, CCC, CC, and C. Bonds with ratings below C are bonds in default or of bankrupts. normally distributed standard Brownian motion. For example, under the assumption of a normal Gaussian distribution the scale exponent of H = 0.5 implies that mean annual increments (or yields) should be 12 times the equivalent monthly mean and 52 times the equivalent weekly mean. Similarly, the standard deviation of annual increments should be √12
times that of the monthly increments. This study provides evidence on the appropriate scaling of the standard deviation of the various credit spread series.
Recently, the finance literature has focused upon the implications arising from low and high order autocorrelation structures in time series data. Low order correlations, which tend to exhibit hyperbolic decay, may be associated with short-term memory effects while long-term memory effects have been linked to the presence of fractal structures. The fractal structures of financial price data has been widely investigated by Peters (1991 Peters ( , 1992 Peters ( , 1994 , however these results have been disputed by Ambrose, Ancel and Griffiths (1992) and Ellis (1999) on methodological grounds.
There is other empirical evidence supporting the presence of fractal structures and long-term dependence in currency markets. For example, in spot exchange markets, Cheung (1993) observed evidence of long-term dependence, while Fang, Lai and Lai (1994) found similar evidence of fractal structures in futures markets. Batten and Ellis (1996) found evidence of arbitrage profits to speculators holding long USD/JPY positions when the market was characterised by positive persistence. No published work to date has provided evidence on the processes underlying credit spread margins.
The paper is structured as follows. Next a general view of credit derivatives is provided. Then the distributional qualities of the Australian Eurobond credit spread data is described. The methodology and the results from scaling the credit spread volatility are then presented. Implications for credit derivatives are then discussed and the final section allows for some concluding remarks.
II. A General View On Credit Derivatives
The name credit derivative points to the goal of the particular financial instrument being used, as offering a means of managing credit exposure and thus credit or default risk. It exists as a financial contract reflecting the value of the credit risk incorporated in a borrowing or lending agreement between two parties. Such a financial contract derives its value from the existence of a prior contract in which credit risk is just one feature of many.
It is only incidental that the bulk of the agreements, on which credit derivative contracts may be based, are between a bank, as lender, and a corporate entity as borrower.
The focus of derivatives up until now has been on the price risks embodied in a lending contract, most often interest rates but also exchange rates. In an important sense these price elements, however important they may be to the returns earned from the loan, have been While the concept of the credit derivative may be readily understood on the basis of it reflecting one of several characteristics separable from a lending agreement, the different means or techniques available to the buyer or seller complicate applications. The term "credit derivative" is not a reflection of some generic feature embodied in all financial instruments associated with stripping credit risk from lending agreements. Rather it is a general term for a variety of financial instruments having a common purpose but not necessarily common features.
The Bank of England (1996) described credit derivatives as encompassing a number of instruments that either synthetically replicate the credit features of a loan agreement, or emulate the behaviour of a put option on credit sensitive assets. The first group of instruments includes total rate of return swaps, and credit spread forwards and options, while the latter includes credit (default) swaps 6 and credit linked notes. These instruments comprise one of the fastest growing segments in financial markets and shall be briefly discussed in turn 7 .
(a) Credit Swaps
This instrument offers the opportunity for a bank lending to a company to modify or eliminate the credit risk associated with the loan. The pricing arrangements require the lender, Counterparty B to pay the seller of protection, Counterparty A, a regular fee related to the value of the contract and expressed as an interest rate, most often expressed in basis points. With a listed public company this might be no more than 20 to 30 basis points while for an unlisted smaller company the fee could be ten to twenty times higher reflecting the much greater difficulty of credit appraisal. In return for the annual fee the seller is committed to a contract repayment should this be triggered by one or more of the specified events in the contract. The sum involved would reflect the total sum specified in the contract less any sum being either the current market value of a reference asset or the recovery value of a non-traded debt or asset.
(b) Credit Linked Note
This device is similar to the Credit Swap. A bank, being counterparty B, has a customer with a loan against which it seeks to shift its credit risk; equally it may be holding a bond issued by the customer being a substantial entity whether in the commercial, financial or industrial spheres. Counterparty B issues its own note with a similar maturity to that of the customer's obligation. The protection seller, counterparty A, buys the note so that customer's bond (or loan) is fully covered by the contract. The life of the customer's participation is matched by maturity of the note issued by the bank seeking protection. The protection seller receives the interest on the note. On maturity the principal sum is returned to the protection seller less any sums which reflect a credit event as defined in the credit derivative contract.
(c) Total Return Swaps
7 A 1996 survey of the credit derivative market in London conducted by the British Bankers Association (1996) estimated the London market for these credit derivatives in 1996 to be US$ 40 billion, while the global market was thought to be US$100 billion. Total return swaps comprised 23% of this market, while credit spread transactions comprised 30%, credit default swaps comprised 22%, and credit linked notes comprised 24%. However, a more recent survey of market participants by Green, Locke and Paul-Choudhury (1998) estimated global market outstandings had trebled to over US$300 billion with a projected size of US$1,000 billion by the year 2000.
This credit derivative is probably the most comprehensive of the devices in use for credit quality preservation from the perspective of the original lender. A total return swap agreement has some finite life laid down in the contract between the two parties. While both parties are exposed to the credit risk of each other, the contract not only protects the credit risk but also the total quality of the original loan or bond. The contract may specify a nominal bond to match the value of the loan on the books of the bank.
The protection seller receives all the proceeds from the loan (nominal bond) as payment by the protection buyer. These payments are at regular intervals as laid down in the contract so that there is no forward exposure at the end of the agreement. At the same time the protection seller pays to the buyer a regular flow of income based upon a benchmark, such as LIBOR, plus some margin reflecting in part the maturity structure of the contract, not necessarily being the same as the loan for which protection has been bought. At the same intervals the protection seller must reimburse the buyer for any losses arising from marking to market the value of the loan (or nominal bond as specified in the contract).
The protection buyer has no exposure to the seller in terms of credit risk as the full value of the loan is held. There is the possibility of the seller being unable to meet the interest payment or the reimbursement for losses arising from mark-to-market practices. Any inability of this sort would stop the transmission of the returns from holding the asset to the protection seller so there would be no loss to the protection buyer whichever way one looks at the contract.
(d) Options on Credit Derivatives
There is any number of other devices entering into the list of offerings in the market for credit derivatives. These include a variety of put options mostly involving swaps. As well, dynamic techniques for the handling of marked variability in circumstances surrounding assessment of risky assets and the ways their interest rates and credit quality adapt to shifting circumstances are being devised. However, the extent to which these techniques involve cross-border activities does hamper the widespread use of these measures. Again problems about liquidity cannot be separated from the valuation issue.
Where options have come to the fore is in Credit Spreads. The credit option is a put or call option on the price of a bond, loan or something similar. Thus, it is just about the option to exchange credit risk between counterparties. The credit spread option is written against the spread tied to some benchmark as with LIBOR or a risk-free bond. Credit spreads are discussed in the next section.
(e) Credit Spread
This term applies to a family of similar market techniques whereby there is trading in the relative and absolute values of different classes of credits. What is at issue is the margin between the return on one class, or rating, of bond or commercial paper and another one, often being the (credit) risk-free return on a government bond or treasury note. The margin between the two is the spread, a comparison which depends on the time to maturity. Thus the essence of the credit spread contract, in whatever guise it may come, is the relative spread position or margin at maturity. Either party makes payment to the other depending on the spread being wider or narrower than the spread specified as the strike price in the contract at maturity (see Figure 1 ). The Credit Spread may also be traded as an option. The common practice appears to be to write these options against a benchmark (an aggregate of bonds) used commonly in swaps such as the London Bank Interbank Offer Rate (LIBOR) rate for a specified maturity. This reference rate is generally regarded as the borrowing rate for a single A rated borrower. Borrowers with better quality credit, such as AAA or AA rated firms, have the ability to borrow at rates below LIBOR.
(Insert Figure 1 about here)
The risk-free rate applies to those credit spread transactions in which the focus is on an absolute movement in the spread. What is at issue is the spread for a given maturity between that benchmark and a risky credit. Hence the focus is on market perceptions of the risky security over the life of the credit spread contract. Should the contract be for the existing spread at maturity, then the counterparty stands to gain should the spread widen during the life of the contract. However, should the spread go the other way then the buyer of protection to the spread would claim compensation.
The relative credit spread arrangement is about the relationship between one risky security and another. Thus the transaction is a matter about the relative changes or not in risk perceptions on two securities. Then the counterparty selling the protection (buying the spread) gains should the spread widen. But were it to narrow then the seller will be in a position to gain. There is counterparty risk on the exposed side of the transaction so it is really a matter for the gainer under the contract being informed fully about the other party to the contract.
Credit spread devices do not rest upon specified credit events as provided in the credit swap approach. Hence the spread is open to the influence of any happening including conjecture which can bear upon market outcomes. Thus the swap is directed to the preserving of asset value, as is the case with the credit-linked note, while the spread devices are about the securing of the income stream.
At first sight the opportunities offered by credit spreads appear to be comprehensive ranging from the complementing of swaps contracts off benchmark rates to the hedging of all sorts of income exposures including earnings from swap contracts as well as any market transactions involving spreads between risky assets. However the scope for this trading is constrained by the availability of data and related information on credit histories for the entities about which trades might best be sought. These concepts are illustrated in the nest section where credit spreads on Australian dollar Eurobonds will be investigated.
III. Australian Dollar Eurobond Credit Spread Data
The distribution and correlation relationships between aggregated bond yields for three Analysis of the bond yields initially involved determining the descriptive statistics and correlation relationships between the four different classes and maturities of bonds. These margins represent the premium for credit risk between each group and maturity. Tables 1   and 2 provide descriptive statistics and correlation relationships of the margins between the three different classes and maturities of bonds, Tables 3 and 4 provide descriptive statistics and correlation relationships for the first differences (interday) changes in the margins between the three different credit classes and maturities of bonds. These changes in the margins also represent the interday return to the spread trader.
(a) Daily AUD Eurobond Yields and Correlations
The data displayed a definite positively sloped yield curve (term structure) over the sample period, with the shorter-term maturities having a lower yield to the longer-term maturities at any one point in time. For example, AAA bonds had a 2-year yield mean of 7.0714% while the 10 year AAA yield mean was 8.0458% during the sample period. There was also evidence of a credit risk premium with the yields on the higher quality bonds for a specific maturity being lower than the yields for the equivalent maturity lower rated bonds. This relationship between bond yields and default risk is referred to as the default-risk structure of interest rates. For example, AAA 5 year bonds had a lower yield mean of 7.6125% compared with the A rated 5 year bonds of 7.8402% 9 .
Volatility measured by the coefficient of variation (the standard deviation divided by the mean) of the bonds was less clear cut. Generally, the volatility decreased as maturity increased and credit quality decreased. That is longer maturity bonds tended to be less volatile than short term and higher credit bonds. For example, while the yields were higher for 10 year AAA bonds compared with A rated bonds, the volatility was lower (coefficient of variation of 0.1735 for 10 year AAA bonds and 0.1721 for 10 year A rated bonds, while the coefficient of variation of 2 year AAA bonds was 0.1978 and 2 year A rated bonds was 0.2002. The standard deviations in absolute terms tended to increase as credit quality decreased (e.g. AAA 10 year bonds had a standard deviation of 1.3958, while A rated 10 year bonds had a standard deviation of 1.4250) and decreased as maturity increased (e.g. the A rated 2 year bonds had a standard deviation of 1.4591. 9 The behaviour of U.S. credit risk premiums is discussed in Neal (1996) .
The correlation structure suggested significant positive correlations across all risk classes. The behaviour of the credit margins during the sample period is illustrated in Figure 3 , which plots the yield spread or margin between the AAA and AA ten year bond. What is clear from this figure is that the margin varied considerably during the period though it tended to be positive. The large spikes (due to a sudden increase in the spread) coincided with periods of currency volatility, and may have been due to investors selling Australian dollar bond holdings. These relationships and linkages to volatility spillovers from other asset markets provide opportunities for further analysis.
(Insert Figure 3 about here)
Generally the credit margins provided evidence in support of a positive term structure. That is, the margins increased as credit quality increased, while volatility in absolute terms (measured by the standard deviation) tended to increase with maturity and credit quality.
For example the mean of the AAA and AA 2 year margin was 7.622 basis points (0.07622%), while the AA and A 2 year margin was 13.908 basis points. However there was no general pattern to the size of the margins as maturity increased while credit class remained the same. For example, while the mean margins between the AAA to AA 5 year and the AAA to AA 7 year bonds increased from 6.904 to 9.484 basis points as maturity increased, the AA to A margin for 5 year and 7 year bonds declined from 15.865 to 12.724 basis points. This suggests the yield curves for the various credit classes did not necessarily shift upward in a parallel manner, and may in fact have pivoted around a specific maturity.
The risk margins also were not normally distributed displaying excess kurtosis (leptokurtic) and tended to be positively skewed.
(Insert Table 2 about here)
The correlations of the margins between the various risk classes and maturities are displayed in Table 2 . The correlations tended to be positive and generally were statistically significant from zero which suggests significant co-movement between margins for most maturities The correlation between the margins within the same risk classes tended to decrease as maturity increased, while the highest correlations tended to be between bonds with the same risk margin and close maturity. For example the correlation between the margin of the AAA and AA 2 year bond and the AAA and AA 5 year bond was 0.455, while the correlation with the AAA and AA 10 year bond was 0.575, and the AA and A 2 year bond margin was only 0.165. The small negative correlation between the 10 year AA and A to AAA and AA margin of -0.144 may have been due to a pivoting in the yield curve. Although not reported in the Table, the margins were also highly positively autocorrelated and were significant to the 60-70 lag period. The very slow decay of the autocorrelations is indicative of an autoregressive process.
(Insert Table 3 about here) Table 3 provides descriptive statistics of the first differences in the margins between the four different classes and maturities of bonds. These first differences in the margins also provide a proxy for the interday return to the spread trader. An example of these returns is provided in Figure 4 which illustrates the daily returns for the AAA to AA 10 year Eurobond. The mean daily returns were close to zero for all margins which is consistent with the behaviour of other asset markets (e.g. the mean return for the AAA-AA 10 year bond margin was very close to zero or -0.0090). Generally the volatility of these returns increased with the maturity of the bonds (e.g. the standard deviation of the return on the AAA to AA 2 year bond margin was 2.642 compared with 4.246 for the 10 year margin), and increased with declining credit class (the standard deviation of the 10 year AA to A margin return had the largest value of 5.151). This suggests portfolio managers should hold higher quality bonds to minimise the interday variation in earnings due to portfolio revaluation or rebalancing.
(c) Interday AUD Eurobond First Differences (Returns) and Correlations
(Insert Figure 4 about here)
Normality tests 10 (the Anderson-Darling statistic only is recorded in Table 3 ) of the return data also failed to accept the null hypothesis that the distribution of returns was normal.
This was largely due to significantly excess kurtosis rather than skewness. (e.g. the return on the AAA to AA 10 year margin had excess kurtosis of 20.2276, while the skewness was 0.8500). This suggests valuation models incorporating historic volatility may tend to underestimate the probability of extreme events. There was also evidence of time variance in the return series with periods of volatility clustering. This clustering (illustrated in Figure   4 ) occurred in May 1995, December 1996 and August 1998, and appeared to coincide with Australian dollar exchange rate volatility. Volatility transmission between other financial prices is an area that requires further analysis.
(Insert Table 4 about here)
Further evidence on the co-movement of the interest rate spreads is provided by the correlation of the first differences, presented in Table 4 . Generally, the higher positive correlations were between bonds of the same risk class but different maturity, which would be consistent with the yield curves of the 2 risk classes undergoing a parallel shift (e.g the correlation between the returns on AAA-AA2 and AAA-AA10 spreads was 0.575) with the differences in yields remaining the same. However, there was generally a negative correlation between spread returns with the same maturity (e.g. the AAA-AA2 and AA-A2 correlation was -0.344).
(Insert Table 5 about here)
The first differences (returns) series were also tested for autocorrelation and partial autocorrelations up to 940 lags with the autocorrelations for lags 1, 2, 3, 4, 5, 12 and 22 reported in Table 5 . The series showed the presence of significant negative autocorrelation and partial autocorrelation in its short-term lag structure with significant t-statistics and Ljung Box Q statistics (LBQ) for all spread series at lags 1 and 2 (e.g. AAA-AA2 spreads were autocorrelated at lag 1 (-0.19) and at lag 2 (-0.20), and partially autocorrelated at lag 1 (-0.24) and lag 2 (-0.12)). The AAA-AA10 and the AA-A2 returns were also autocorrelated at lag 3.
IV. Methodology for Scaling Credit Spread Volatility
The concepts of Brownian motion and fractional Brownian motion may be defined in terms of the relative level of dependence between increments. One characteristic of these processes is their self-similar behaviour. Self-similarity, self-affinity and scale invariance can be used to describe the relationship between the parts and the whole of the trail of a function. For standard Brownian and fractional Brownian functions, the relationship is expressed in terms of selfsimilarity. For line-to-line functions the correct expression is self-affine.
Consider a function (S) made up of the points X = [X 0 , X 1 ,..., X n ], where the probability of incremental movement is unrestricted with respect to the direction of the movement. Changing the length of the function by a common factor r<1, such that rX = [rX 0 , rX 1 ,..., rX n ], will yield a new function rS, whose geometric length is less than that of the original function. For the appropriate value of r, self-similarity implies the original function S can be recovered by N times contiguous replications of the self-similar rescaled function rS. In other words, the function S is invariant to the change in scale by the factor r.
In the case when the trail of the function is measured with respect to time (as in the case of the line-to-line function) Mandelbrot (1977) showed the function would instead be self-affine.
Consider the same function (S), measured now as a line-to-line function comprising the points X(t) = [X(t 0 ), X(t 1 ),..., X(t n )], in time t. Changing the time scale of the function by the ratio r<1, the required change in scale of the amplitude (measured along the vertical axis) was shown to be r H for a self-affine function, where the H-exponent was the statistic proposed by Hurst (1951) .
Given the function S is a Brownian line-to-line function, the distance from X(t 0 ) to a point X(t 0 + t) was shown by Mandelbrot (1977) to be a random multiple of √t. Setting t 0 = 0 it followed for t>t 0 that where e was a random variable with zero mean and unit variance. Properly rescaled in time by r, and in amplitude by √r, the increments of the self-affine rescaled function (rS)/√r would be For the correct choice of scaling factor, the two functions S and (rS)/√r would be statistically indistinguishable, such that they would have the same finite dimensional distribution functions for all t 0 and all r>0 (Crilly et al, 1991).
Self-affine Brownian line-to-line functions for which the above property held true, were described by Mandelbrot as exhibiting scale invariance. Consistent with the value of the Hurst exponent for Gaussian series (H = 0.5), the scaling factor √r = r H was considered characteristic of all self-affine Brownian line-to-line functions. Allowing for 0≤H≤1, H≠0.5 it followed for fractional Brownian line-to-line functions that Equation (1) could be generalised by Equation (2) would similarly be generalised by for a fractional line-to-line function.
Self-affine line-to-line functions appear the same graphically when properly rescaled with respect to H (Mandelbrot, 1977) . Consequently fractional Brownian line-to-line functions exhibit statistical self-affinity at all time scales. Independent therefore of the incremental length (or frequency of observation) of X(t 0 + t) -X(t 0 ), the relative level of positive dependence (1>H >0.5) or negative dependence (0<H<0.5) should remain consistent.
Modelling the returns from credit spreads as a line-to-line functions, scaling invariance can be used to describe the relationship between the amplitude (vertical) measure and the time (horizontal) measure. The test conducted in this study is the self-affine relation described by Equation (3) and Equation (4) and is an examination of the scaling relations between five time intervals q, where q = (P t -P t-k ), and k = 1, 5, 12, 22 and 252 days. That is the five time intervals examined where q = daily (P t -P t-1 ), weekly (P t -P t-5 ), fortnightly (P t -P t-12 ), monthly (P t -P t-22 ) and annual (P t -P t-252 ) returns in the credit spreads between the AAA, AA, and A rated Australian dollar denominated Eurobonds, with 2, 5, 7 and 10 year maturities. Generalising the scaling relationships for the standard deviation of each interval gives
where ∞ ≥ n ≥1, ∞ ≥ k≥n. Consequently the Hypotheses tested using the H-exponent (H) were:
Implied standard deviations for each interval (k = 5, 12, 22 and 252) were estimated from the standard deviation of the daily yields series (k = 1), and the results compared to the observed standard deviation of q interval yields. Implied daily yield ranges were estimated from the q interval yield ranges using Equation (5) for H = 0.5 and the results compared to observed daily yield ranges for each series. For both tests, the acceptance of the null hypothesis that the scale factor (r) is r = 5, and that the appropriate scale exponent (H) is H = 0.5, will imply the series under observation conforms to a random Gaussian distribution. 
V. Results From Scaling Australian Eurobond Credit Spread
The results from scaling the Eurobond credit spreads are presented in Table 6 . Values in the column headed Actual σ represent the observed q interval standard deviation for each spread series. Values in columns to the right of this represent the H exponent value in Equation (5) for which the implied q interval standard deviations exactly equal their observed values, given various combinations of k and n. For instance, the first value (0.22701194) represents the imputed value of H in Equation (5) for which the weekly standard deviation of AAA2-AA spread returns can be exactly estimated from the corresponding standard deviation of daily spread returns. From the null hypothesis, the expected value of H should be H = 0.5 if the spread returns series are independent and conform to a normal distribution.
As Table 6 illustrates, all the imputed values of H are less than H = 0.5. The result suggests that independent of the spread returns series being tested, and independent of the interval used, scaling volatility by the square root of time is inappropriate. The fact that these values are all less than H = 0.5 is consistent with the underlying spread returns series exhibiting negative long-term dependence. Negative long-term dependence implies that positive spread returns will follow negative returns, and negative follow positive. As shown in Figure 3 and Figure 4 , the spread and spread returns series appear more "noisy" than would an independent series. As a note on this result, while the incidence of short-term autoregressive effects (see Table 5 ) has been shown to bias tests for long-term dependence using the classical rescaled adjusted range (Ambrose, Ancel and Griffiths, 1992) , spectral regression and maximum likelihood techniques, the impact of this on volatility scaling is not clear. As such, our findings are only consistent with, but not conclusive proof of, longterm dependence. Independent of this, the result does have important implications for users of financial instruments derived from credit spreads.
VI. Implications for the Use of Credit Derivatives.
The development of credit derivatives offers additional opportunities for banks, other financial institutions and larger companies to manage the risk exposure inherent in any asset portfolio. While the management of interest rate and foreign exchange rate exposures has been available for many years through the use of hedging techniques offered by way of futures, forwards and options contracts, this has not been true for credit risk. Yet that risk has been of longest standing in the balance sheet of financial intermediaries.
Credit derivatives encompass a number of instruments, which either synthetically replicate the credit features of a loan agreement, or emulate the behaviour of a put option on credit sensitive assets. These instruments have the capacity to transfer the credit risk associated with lending agreements enabling the risk to be managed or traded independently of ownership of the underlying asset.
The financial market currently trades four main types of credit derivatives: credit swaps, credit-linked notes, total return swaps and credit spreads. Central to the management or trading of credit risk by financial market participants is for the the distributional qualities of the spreads between classes of risky bonds, and the processes generating this time series data to be understand. This contribution focused on the distributional nature of Australian dollar denominated credit spreads and issues associated with scaling of risk highlighted. The spreads between three classes of Australian dollar denominated Eurobonds rated A, AA and AAA, with four maturities (2, 5, 7 and 10 years) were examined.
We found evidence of a term structure and co-movement in credit spreads by maturity. We also find the credit spread return series were time variant, leptokurtic, autocorrelated and exhibited different degrees of negative long-term dependence. The series all displayed similar scaling properties with the estimated volatility, based upon a scaling at the square root of time, significantly underestimating the actual level of risk predicted from a normal distribution. These results have important pricing implications for any option embedded in a credit derivative, and in particular options on credit spread.
Credit derivatives do offer genuine prospects for extending the range of techniques available to bank management. However, a note of caution is advised in light of some of the pricing challenges revealed in these exercises associated with credit spreads. The difficulties spelt out in those examples would be no less commanding for the pricing of nominal securities associated with valuing credit spreads let alone some of the other instruments now being developed in this sphere of derivatives. Many issues warrant further investigation, in particular regulatory concerns, matters of pricing and portfolio risk management.
FIGURE 1 CREDIT SPREAD TRADING
B has bought the bond of XYZ, which trades at a spread to a risk free bond of 20 basis points. B decides to sell this spread to A.
If the spread increases (e.g. rises to 50 basis points), then counterparty B pays counterparty B the product of the difference between the spread at the start, and at maturity (30 basis points) and the notional amount. The reverse is also the case. 2 2 -A p r -9 7 9 -S e p -9 7 2 7 -J a n -9 8 1 6 -J u n -9 8 2 2 -A p r -9 7 9 -S e p -9 7 2 7 -J a n -9 8 1 6 -J u n -9 8 1 6 -J u n -9 8 2 7 -J a n -9 8 9 -S e p -9 7 2 2 -A p r -9 7 3 -D e c -9 6 1 6 -J u l -9 6 2 7 -F e b -9 6 1 0 -O c t - 
